Efficient delivery planning for freight transport is required for reducing environmental load and logistical costs. By using an actual traffic condition, a more realistic delivery plan, increased delivery work efficiency, and CO2 reduction will be possible. An algorithm for quickly obtaining a best solution is required to solve actual vehicle routing problems of large-scale networks and fluctuating delivery costs. The purpose of our research was to solve vehicle routing problems on a large-scale road network that can be applied to actual vehicle routing problems. Our proposed algorithm uses a hierarchical traffic network model composed of two layers according to the frequency of road use. The algorithm is based on tabu search, and the hierarchical traffic network is applied to a generation strategy of the neighborhood solution. Specifically, priority of movement of neighborhood solutions for generating a neighborhood solution is given to delivery points connected in frequently used roads. By using travelling salesman and simple vehicle-routing benchmark problems as a first step in our computing, we confirmed that the proposed algorithm can quickly provide a better solution than the non-application of the proposed algorithm. Furthermore, the effectiveness of the proposed algorithm is discussed by using a virtual vehicle routing problem based on an actual road network.
Introduction
Against the background of the need to reduce CO2 emissions and the expanding logistics market, there is an increasing demand for more efficient urban freight transport. Transportation planning that tackles large-scale logistics problems and can be applied to actual vehicle problems is required. The vehicle routing problem (VRP), in which the goal is to calculate a route to a customer that minimizes total delivery cost in consideration of various restrictions, such as the location of depot, the number of vehicles, vehicle load capacity, and delivery time windows, is one of these logistics problems. Finding a solution to this problem becomes very difficult as the number of customers increases because the VRP is a type of NP-problem. Therefore, a practical algorithm for solving the VRP is required, and metaheuristic approaches are expected to be used as optimization techniques for large VRPs. Many metaheuristic approaches have been proposed, including several based on the tabu search algorithm. A strategic method in which the features of a road network are taken into account would be effective for treating large-scale networks. A characteristic of tabu search is that it uses information about how to search for a solution. Each vehicle route search in the VRP corresponds to the travelling salesman problem (TSP). Therefore, methods for applying the TSP to a VRP and generating an approximate solution have been proposed. Willard (1989) was the first to apply tabu search that used 2-OPT and 3-OPT for solving the TSP. Pureza and França (1991) used tabu search to generate approximation solutions by swapping the vertices between two routes. A method similar to 2-OPT for applying the exchange of partial routes between vehicles has been proposed (Gendreau et al., 1994) . A method for generating an initial solution consist of a random algorithm and a greedy algorithm. The Greedy Randomized Adaptive Search Procedure (GRASP), a method that combines the random and greedy algorithms, was proposed to generate an initial solution (Feo et al., 1994) , and it was confirmed that a good solution can be obtained by using tabu search with this initial solution.
An ideal situation is assumed with most current methods. Many do not take into account an actual road situation. With respect to actual roads, Yokota et al. (2011) showed that truck routes can be constructed in a two-layer traffic network model based on frequency of use by analyzing truck probe data which is used as a transport. Therefore, we thought that obtaining an optimal solution by applying the frequency of use of such routes to the move strategy for solution generation of tabu search and by giving priority to the routes between customers located on frequently used roads.
We propose an approximate solution algorithm for the VRP by taking into account of the two-layer traffic network model. We treat the VRP of delivering a load at minimum transit cost using a vehicle of uniform capacity that leaves a single depot (CVRP). First, we describe the proposed algorithm and the results of applying it to the move strategy of the TSP. Next, we discuss the application of the TSP with the proposed algorithm to the VRP and the results of applying the proposed algorithm to the exchange of partial routes. Yokota et al. (2011) used truck probe data to devise a traffic network model composed of two layers according to the use frequency of links between roads. One layer is called the high-frequency-network (HFN) and the other the low-frequency-network (LFN). The HFN is the upper-layer network, which consists of roads frequently or commonly used by freight vehicles, such as highways and major roads. The LFN is the lower-layer network, which consists of roads rarely used by freight vehicles, such as ordinary and local roads. Many trucks gain access to the HFN from the LFN. They then drive along a highway for a while and exit near their destination. There are different features between the two networks. Table 1 lists the features of each layer. The ratio of size (the length of the network) of high-and low-frequency networks is about 26% to 74%, and the travel time ratio is 87% to 13%. The average speed is 25.03 km/h on the HFN and 16.87 km/h on the LFN. The data show that vehicles spend roughly 90% of the time on the HFN, drivers use the HFN for long-distance travel. This is because the traffic conditions on the HFN are smoother. Moreover, the road conditions (such as road facilities, number of lanes, and road width), reliability, and safety of the HFN are better. 
Features of hierarchical traffic network model

Vehicle routing problem
Prerequisites for VRP
In this paper, we consider the VRP, in which a commodity of quantity d i is to be delivered to each customer i N from a single depot {0} by independent delivery vehicles of identical capacity c. The prerequisites of the VRP are as follows:
After the vehicles leave the depot and visit customers, they return to the depot. The number and maximum capacity of the vehicles are given. The customer's positional coordinates and capacity are given. The quantity of the deliveries to each customer is filled in one visit. The cost of each delivery is calculated with the Euclidean distance between customers. The loading quantity of each delivery route is constrained by the capacity of the vehicle and is assumed to be below the capacity of the vehicle.
Formulation
The typical formulation for the single-depot VRP is as follows.
where, z : total travel cost K :
vehicles k :
set of the number of vehicles
. : set of the number of customers c ij : travel cost from customer i to customer j x ijk : = 1 if travelled from customer i to customer j = 0 otherwise N :
set of the number of customers = {1, 2, 3, , n } V :
set of the number of customers and depots S : not empty subset of N (not equal to N) d i :
customer i loading quantity (non-negative) q :
vehicle capacity
The objective function z of the total cost minimization is expressed by Eq. (1) . Constraint (2) shows that each customer is served by exactly one vehicle. Constraint (3) expresses vehicle capacity constraints. Constraints (4) and (5) show that all vehicles start from a depot and the vehicles return to the same depot.
Equation (6) expresses that a vehicle does not visit at customer who it has already visited. The sub tour S elimination constraints are given in Constraint (7) . Constraint (8) shows that the variables x ijk are binary, indicating that they depend on travel from customer i to customer j .
Our approach based on tabu search
Our proposed algorithm is based on the tabu search algorithm. We believe that a hierarchical traffic network is applicable to the solution generation strategy. In this chapter, we describe the general tabu search algorithm and our proposed algorithm in which the hierarchical traffic network is applied to the generation strategy of the neighborhood solution.
Tabu search algorithm
Tabu search is a heuristic algorithm for combinational optimization problems based on a local search. The metaheuristic approach using tabu search to obtain the global optimization solution, which is not local optimization, was proposed by Glover (1977 Glover ( , 1989 and Glover et al. (2002) . Tabu search explores a neighborhood for a current solution and is updated with the best solution. The local search finally selects the local optimum solution that is the best solution in the neighborhood. Unlike local search, tabu search keeps searching for the best solution in a neighborhood even if the generated solution is worse than the current one. The recently examined solutions are forbidden by using the tabu list to avoid cycling. A forbidden move is inserted at the end of the tabu list and the first element from the list is removed. Thus, movement continues by returning the element from the tabu list. The tabu search procedure is as follows:
Step 1. Generate an initial solution.
Step 2. Search for neighborhood solutions obtained by using movement not included in the tabu list.
Step 3. Store the movement to the tabu list.
Step 4. Repeat search for the best solution by giving permission for movement even if the best local solution has been obtained.
Step 5. Finish the search when the termination condition which was set previously, is satisfied.
Construction of initial solution
The procedure for creating an initial solution includes a method of generating a random and low evaluating solution. The methods available include the saving (Clarke-Wright, 1964), optimal-partitioning (Beasley, 1983) , and region-portioning (Gillet-Miller, 1974 ) (Haimovitch et al., 1985) methods.
An initial solution is generated by using a region-portioning method with clustering analysis. The provided graphs are partitioned into the number of vehicles by using Ward's method (Ward, 1963) , which minimizes the sum of distances within two (hypothetical) clusters. The loading quantity is not considered when calculating the initial solution with Ward's method. Therefore, in the initial solution, each loading quantity of vehicles is allowed to exceed the capacity of the vehicle. The initial route in each area is generated by connecting the nearest vertex.
Generation of neighborhood solutions
The generation of a neighborhood solution is one of the most important factors in tabu search. This requires an efficient method for generating an approximate solution that enhances the potential for improved solutions to be included in a neighborhood. Many methods for generating neighborhood solutions have been examined. Typical ones are the λ-OPT (λ > 2) exchange that exchanges some of the solutions, two-vertex exchange movement, and one-vertex insertion movement.
In our algorithm, we apply the idea of a hierarchical traffic network model to the strategy for generating neighborhood solutions. Fig. 1 shows the procedure of our algorithm based on tabu search. In Fig. 1 , the upper layer is an HFN and the lower layer is an LFN. Our algorithm uses the composition of the hierarchical traffic network model to a candidate list strategy. As previously explained the hierarchical traffic network model that Yokota et al. proposed is classified into two layers based on the frequency of road use. The upper layer is composed of roads used with high frequency and for long-distance driving and the lower layer is composed of roads used with low frequency and for driving around the origin or destination. We believe that the solution might change significantly if it generates a change in the HFN edges because such an edge is a frequently used long-distance trip. We give priority of movement to points connected within the HFN. As a result, these points are optimized. The points connected within the LFN are moved only if the effect of change in the solutions is not gained in the HFN. We adopted a move strategy in which neighborhood solutions are generated by giving high priority to edges (i, j) for frequently used long-distance-routes. Fig. 2 shows our algorithm for generating neighborhood solutions for vehicle routing. In Fig. 2 , edges (4, 5) and (5, 6) are in the LFN, and the other edges are in the HFN. Vertices 4, 5, and 6 connected in the LFN are selected as hypothetical vertex 10. Vertices 1, 2, 3, 10, 7, and 8 of the HFN are exchanged in an early process. In this example, edges (7, 8) and (2, 3) are selected as the move points, and they are moved by using the 2-OPT method. As a result, edges (2, 7) and (3, 8) are newly generated. The move in the HFN is executed repeatedly. In the next process, the best solution is explored by using the obtained solution as a new initial solution, and vertices 4, 5, and 6 are moved repeatedly in the LFN. In the VRP, to which this proposed algorithm is applied, the vertices of the HFN of each graph are moved based on priority. Fig. 3 shows the re-composition of a fractional graph with a priority move. In each route where the start point is depot 0, edges (3, 4), (7, 8) , and (8, 9) are in the LFN. Vertices 3 and 4 are set as hypothetical vertex 10, and vertices 7, 8, and 9 are set as hypothetical vertex 11. Vertices 1, 2, 5, 6, 10, and 11 of the HFN are moved in an early process.
Computational results
We applied the proposed algorithm to the TSP and VRP benchmarks first, because these problems' optimal solutions are clear. We believe that the proposed algorithm is effective if an approximate solution is quickly obtained using it.
Application to TSP
The instance of the multiple travelling salesman problem (MTSP) is obtained by setting q= of Constraint (3). The MTSP instance is transformed into the TSP instance by integrating a fractional graph. That is, the TSP instance is a problem that simplifies the constraint of the VRP. We believe that the proposed algorithm might be effective in the VRP if we can quickly obtain a good solution when using it for the TSP. We used problems from the benchmark library for the TSP (TSPLIB), which is available at http://www2.iwr.uni-heidelberg.de/groups/comopt/software/TSPLIB95/. The two benchmark problems (att48, att532) used in this paper are treated as problems of locations on a map. The effectiveness of the proposal algorithm is confirmed by obtaining the simulation results from applying the proposal algorithm to such benchmark problems. There is no HFN or LFN information in the benchmarks; therefore, we assumed an HFN and LFN based on distance. In the benchmarks, long edges are treated as high-frequency roads and short edges are treated as low-frequency ones. This is because the former are used for long-distance trips and the latter are used for short-distance trips. The long edges are given priority of movement, and moves with the vertices are executed. In this way, the search for an approximate solution using long-distance edges is executed. After a prescribed number of repeats of the search are executed, approximate solution generations with the short edges are executed. The criteria of the edge classification based on distance are assumed as a parameter. In this simulation, the parameter is termed "classification rule". A virtual hierarchical traffic network with long edges of the upper layer and short edges of the lower layer is constructed using this parameter. Fig. 4, Fig. 5 and Table 2 show the results for att48. Fig. 4 shows the trend in route costs with nonclassification and classification rules 100 and 300. "Classification rule 100" is the result calculated by preferentially moving vertices where the distance is over 100, "classification rule 300" is the result calculated by preferentially moving vertices where the distance is over 300, and "non-classification" means that the network is not hierarchical.
Results of benchmark att48
The cost variation width with the classification rule (using a layer) is bigger than with nonclassification in the initial process. This is because the solutions changed greatly by the move that concentrated the long-distance vertices as shown in Fig 4 . Table 2 lists the best solutions (the minimal route cost), error rates, and the iteration counts when the best solution is obtained. The error rate is calculated with the best solution z best and optimal solution z opt as In this test, the tabu list size is N, and the iteration limit with the classification rule is 500. After the search with the classification rule is repeated 500 times, the search with the non-classification rule is repeated. The iteration count and the solution accuracy improved most when the classification rule was 300. The best solution then is an optimum solution. The reason the optimum solution was obtained in this case was that the route cost changed greatly at the early stage. On the other hand, the tendency for the solution accuracy to worsen by a set value of the distance became apparent. Fig. 6 and Table 3 show the calculation results for att532. The optimal solution was not obtained, but the best solution within this test was obtained the fastest at the time of classification rule 150. Some solutions with classification become worse compared with non-classification in this case; therefore, it is important to consider the value of the classification rule.
These two results of the TSP benchmark show the possibility of quickly obtaining the best solution by using the hierarchical traffic network. However, there are some cases where the solution accuracy with the hierarchical traffic network is worse than the result of the non-hierarchical network. This reason is the classification rule that classifies the benchmark networks into the HFN and LFN. If the classification rule is not appropriate to the problem, our proposed algorithm is deemed as not effective. This means that the constitution of a hierarchical traffic network has a decisive effect on the solution accuracy of our proposed algorithm. In the benchmark problem, we calculated with some classification rules and confirmed the effectiveness of our proposed algorithm when using an appropriate classification rule. This issue is the same as in actual problems. That is, in actual problems, it is necessary to construct a hierarchical traffic network in which the proposed algorithm will be effective. Therefore, the evaluation of the proposed algorithm using a hierarchical traffic network using rules based on an actual road network is necessary. 
Application to VRP
Results of benchmark A-n32-k5
Our test used medium-sized CVRP instances proposed by Augerat (1995) . The instances are available from the TSBLIB. Two or more benchmark instances were stored in the TSBLIB, and the results of applying the proposed algorithm to the simplest problem, A-n32-k5, are described.
The A-n32-k5 problem was given a set of N (=32) nodes, single depot, five trucks, the capacity (=100) of the multiple vehicles, and demand at each node. In the first-stage, the clustering analysis using Ward's method was executed, and a graph of the problem was decomposed into groups of the multiple vehicles. Next, the vertices of a neighborhood were connected with each group and an initial solution was generated [ Fig. 8(a) ]. Each route generated an approximate solution by using the proposed algorithm, and the algorithm in Fig. 1 was used for the movement of vertices between the groups. These movements were executed on the set classification rule. The size of the tabu list used for this process was "N + the number of vehicles -1", and the set parameter of the iteration count of the classification rule (the timing of the switch to the low-layer network search) was 100. Furthermore, after the search with the classification rule was repeated 100 times, the search with the non-classification rule was repeated. Fig. 7 shows the trend of the solution calculated with and without the proposed algorithm. In the initial search, the change in the solution with the clustering rule applied was large. This is the same trend as that seen for the TSP. Table 4 lists the results when the solutions were calculated with and without the proposed algorithm. The best solution was obtained at the early stage in each case because the initial solution obtained using the clustering analysis provided a composition close to that for an optimum solution [ Fig. 8(b) ]. In this problem, the optimum solution was obtained with all classification rules. In particular, the optimum solution with the smallest iteration count was obtained with classification rule 50. The non-classification rule fell into a local solution at the early stage and required iterative calculation to obtain the optimum solution. In other classification rules, the iteration count of classification to the optimum solution was larger than that of non-classification. This shows that the network composition of the VRP affects solution accuracy. 
Results of virtual problem using actual road network
We calculated the CVRP using an actual road network to confirm the effectiveness of our proposed algorithm in actual problems. We used digital road map (DRM) data that the Japan Digital Road Map Associate provides as an actual road network. Thirty-one virtual delivery points and a virtual single depot (N=32) were set on the map. Fig. 9 shows the locations of the delivery points and the depot on the map. The coordinates of these points are shown in Appendix A. The route information between all the points was calculated by minimum time routing. In table A1, travel time of each road link, calculated based on the speed limit and road link length, in the routing was used as the routing cost. If traffic information was available, the actual travel time provided as real-time traffic information was used for the routing. The origin-destination (OD) cost matrix between all delivery points created by routing is shown in Appendix B. Based on Eq. (1), the optimal solution in which total delivery time becomes the minimum cost is calculated with the OD cost matrix.
Constraint conditions in this problem, such as the number of vehicles, delivery load capacity, and each customer's demand set value, were the same as benchmark problem A-n32-k5. All vehicles departed from a depot, distributed goods ordered by each customer, and came back to the depot. Furthermore, the hierarchical traffic network in this problem consisted of an LFN of short travel-time ODs and an HFN of long travel-time ODs. The long travel-time ODs were given priority of movement and the best solution and generation time for this problem were calculated. The best solution and generation time were compared using a non-hierarchical network, and the effectiveness of the proposed algorithm was evaluated. The threshold of the travel time to constitute a hierarchical traffic network (classification rule) was assumed as a parameter. Fig. 10 and Table 5 show the trend of calculation results of the actual network problem. The "route cost" in Fig. 10 is in seconds. As a result of having calculated the solution using classification rules, when the classification rule was 300 seconds, the best solution was calculated at the earliest stage. Fig. 10 shows the trend of the representative classification rule. The initial solution to this problem was calculated similar to the benchmark problem, and Ward's method using the position coordinates of the delivery points was used. Fig. 11 shows the initial and best solutions in this calculation.
Using the problem based on an actual network, we confirmed that the proposed algorithm can quickly provide a better solution than with the non-application method. In the future, we will clarify the constitution of a hierarchical traffic network using road attributes such as expressways or local streets after having evaluated their compatibility with the proposed algorithm. 
Conclusion
We focused on a hierarchical traffic network model constructed of two layers on the basis of road-use frequency, and examined our proposed algorithm of applying use frequency to the move strategy of the solution of the tabu search. Our algorithm gives priority of movement to a customer connected within a high-frequency traffic network. We confirmed the effectiveness of the proposed algorithm by first using the TSP and a simple VRP benchmark problem. In the benchmark evaluation, a hierarchical traffic network was constructed based on the distance of the vertex interval (edge length) because the original benchmark network does not support the use frequency of traffic. By using the benchmark problems, we confirmed that the proposed algorithm can quickly provide a better solution than with the non-application method. Next, we discussed its effectiveness by using a virtual VRP based on an actual road network.
From these evaluations, we confirmed that effectiveness of the proposed algorithm depends on the construction of a hierarchical traffic network. Therefore, a more practical evaluation is necessary by using an actual traffic network which was layered based on the feature of a hierarchical traffic network shown in Table 1 . We will apply the proposed algorithm to actual vehicle routing problems using a hierarchical traffic network in which the feature is more reflected and carry out a practical evaluation. Table A1 lists the coordinates of delivery points for the actual network problem discussed in this paper. These points were set by referring to the location of an actual convenience store. The first location of the list is the depot. 
Appendix A. Delivery points
